Synthetic Aperture Radar (SAR) is particularly suitable for large-scale mapping of inundations, as this tool allows data acquisition regardless of illumination and weather conditions. Precise information about the flood extent is an essential foundation for local relief workers, decision-makers from crisis management authorities or insurance companies. In order to capture the full extent of the flood, open water and especially temporary flooded vegetation (TFV) areas have to be considered. The Sentinel-1 (S-1) satellite constellation enables the continuous monitoring of the earths surface with a short revisit time. In particular, the ability of S-1 data to penetrate the vegetation provides information about water areas underneath the vegetation. Different TFV types, such as high grassland/reed and forested areas, from independent study areas were analyzed to show both the potential and limitations of a developed SAR time series classification approach using S-1 data. In particular, the time series feature that would be most suitable for the extraction of the TFV for all study areas was investigated in order to demonstrate the potential of the time series approaches for transferability and thus for operational use. It is shown that the result is strongly influenced by the TFV type and by other environmental conditions. A quantitative evaluation of the generated inundation maps for the individual study areas is carried out by optical imagery. It shows that analyzed study areas have obtained Producer's/User's accuracy values for TFV between 28% and 90%/77% and 97% for pixel-based classification and between 6% and 91%/74% and 92% for object-based classification depending on the time series feature used. The analysis of the transferability for the time series approach showed that the time series feature based on VV (vertical/vertical) polarization is particularly suitable for deriving TFV types for different study areas and based on pixel elements is recommended for operational use.
Introduction
Flood events are the most frequent and widespread natural hazards worldwide and can have devastating economic, social, and environmental impacts [1, 2] . Precise and timely information on the extent of flooding is therefore essential for various institutions such as relief organizations, decision-makers of crisis management authorities or insurance companies [3] .
Satellite Synthetic Aperture Radar (SAR) is particularly suitable for flood mapping, as this tool supports the large-scale, cross-border detection of the affected area independent of illumination and weather conditions [4] [5] [6] . The decisive advantage, however, is that in addition to open water surfaces, temporary flooded vegetation (TFV) can also be detected in dependency of system and environmental parameters [7] . TFV are areas where water bodies temporarily occur underneath the vegetation [8] . To avoid underestimations of the flooding, the derivation of both classes is essential to cover the entire flood extent.
Smooth open water is characterized by low SAR backscatter values due to its specular surface. In comparison, TFV shows a significant increase in backscatter, especially in the VV (vertical/vertical) polarization, which is caused by the complex double-or multi-bounce interaction between smooth open water surfaces and the structure of vegetation (e.g., tree trunks, stems) [8] [9] [10] .
Most approaches are based on the backscatter intensity allowing the detection of TFV by the identification of increased backscatter values compared to other objects (e.g., [4, [11] [12] [13] [14] [15] ). Others utilize polarimetric decomposition and/or interferometric SAR (InSAR) coherence [7, [16] [17] [18] [19] to reduce confusion with urban areas or to minimize the misclassification of shadowed regions as non-flooded vegetation. Polarimetric decompositions, such as Freeman-Durden, Yamaguchi four-component, Cloude-Pottier, or m-chi decompositions, have all been demonstrated to be suitable for the extraction of TFV [7, [20] [21] [22] [23] [24] [25] [26] [27] [28] . However, the availability of full polarimetric data is often limited regarding the extent and temporal coverage.
In the literature, various methods for deriving the flood extent based on SAR data can be found depending on the task, polarization modes, phase information, as well as spatial or temporal resolution of the satellite sensor [29] . Some of them include, for example, visual interpretation [30] , histogram thresholding approaches [31, 32] , image texture-based methods [33] , Markov Random Field modeling [34] , or Wishart classifications [17, 35, 36] , which are mostly applied on single images. Change detection techniques in combination with algorithms, such as manual or automatic thresholding [21, 37] and fuzzy logic [38, 39] , allow the extraction of potential changes between two images acquired under dry and flood conditions. Change detection methods are often carried out by using absolute backscatter values [40] , which do not consider the chance intensity of backscatter values within vegetation. This can lead to classification errors in regions with high vegetation growth variability or with different vegetation types.
A few advanced techniques, among other machine learning techniques [11] , decision tree [41] , or rule-based classification [13, 42] use satellite time series [4, 40, [43] [44] [45] [46] [47] or multi-dates [11, 38, [48] [49] [50] [51] [52] , which allow the inclusion of multi-temporal, -polarized or/and ancillary information for the extraction of temporary open water (TOW) and TFV classes. Thereby, seasonal or annual fluctuations of backscatter and multiple observations of the same area can be used to improve the reliability of mapping the flood extent or even the flood dynamics [43] . Moreover, the use of multitemporal approaches has been in the past limited due to the low availability of corresponding SAR data. However, since October 2014, the Sentinel-1 (S-1) satellite constellation has continuously and systematically captured the earths surface with C-band SAR data at short repetition time, enabling the use of SAR multi-temporal data for systematic and operational flood monitoring. Using this data source, Tsyganskaya et al., [8] recently showed a time series approach for the detection of TFV.
This study aims to show the potential of the SAR time series approach proposed in Tsyganskaya et al., [8] regarding the extraction of the entire flood extent with the focus on TFV for two independent study areas in Greece/Turkey and China. The main focus of the study is to demonstrate the impact of the time series features on the classification results and to show their potential for operational use. The objectives in detail are as follows:
• to investigate the relevance of polarization and time series features for the derivation of TFV with respect to vegetation types in both study areas; • to examine if the relevant time series features for the analyzed study areas correspond to the relevant time series features of the previous study area (Namibia) in [8] , despite the occurrence of different vegetation types and With a length of 515 km and a basin of about 52,900 km², the Evros river represents the second largest river in Eastern Europe. The period of highest discharge usually occurs between December and April. Several severe, large-scale floods frequently hit the catchment area, particularly in the southern part. The focus of the study lies on a flood event in spring 2015. The flood-affected areas consisted of farmland and forested areas where the water remained for over several weeks. For the analysis and classification, a time series of 60 dual-polarized S-1 scenes was used, which were acquired under the same orbital conditions between October 2014 and December 2016 ( Table 1) . Five S-1 images covered the flood event. Figure 1b shows the extent of the northern and southern areas of interest, where two scenes, acquired on March 12, 2015 and April 5, 2015 were considered for classification as flood event images due to their temporal proximity to reference data for the two different areas. The northern area is dominated by TFV consisting of deciduous forest, whereby the majority of agricultural fields are entirely inundated during the flood event. In the southern part of the study area, TFV occurs mostly in high grassland areas. With a length of 515 km and a basin of about 52,900 km 2 , the Evros river represents the second largest river in Eastern Europe. The period of highest discharge usually occurs between December and April. Several severe, large-scale floods frequently hit the catchment area, particularly in the southern part. The focus of the study lies on a flood event in spring 2015. The flood-affected areas consisted of farmland and forested areas where the water remained for over several weeks. For the analysis and classification, a time series of 60 dual-polarized S-1 scenes was used, which were acquired under the same orbital conditions between October 2014 and December 2016 (Table 1) . Five S-1 images covered the flood event. Figure 1b shows the extent of the northern and southern areas of interest, where two Water 2019, 11, 1938 4 of 23 scenes, acquired on March 12, 2015 and April 5, 2015 were considered for classification as flood event images due to their temporal proximity to reference data for the two different areas. The northern area is dominated by TFV consisting of deciduous forest, whereby the majority of agricultural fields are entirely inundated during the flood event. In the southern part of the study area, TFV occurs mostly in high grassland areas. Table 1 . Acquisition dates of the Sentinel (S-1) satellite data used for Greece/Turkey. The scenes acquired on March 12, 2015 and April 5, 2015 (highlighted with blue background) were used as flood event images for two different parts (northern and southern) of the Greece/Turkey study area. The second test case is the Dong Ting Lake, which is the second largest lake in China, located in the Hunan Province ( Figure 4a ). It is a flood-basin of the Yangtze River and thus varies seasonally in size. During the annual floods, it can expand to 2691 km² three times its size compared to the dry season. A flood event in summer 2017 ( Figure 4b ) was chosen. For this study, 38 dual-polarized S-1 scenes were used, which were acquired between October 2016 and February 2018 ( Table 2 ). The scene acquired on June 28, 2017 is characterized by the largest flood extent. In addition, the selection of the analyzed flood image is carried out due to the temporal proximity to the reference data. Comparable to the study area in Greece/Turkey, the generation of the reference flood mask was carried out using a high-resolution optical Sentinel-2 (S-2) image ( Figure 5 ), which was acquired on June 27, 2017 ( Table  2) . For the derivation of the reference mask, all bands with a resolution of 10 m and their combinations of the S-2 scene were used. The reference extent and the digitalized reference mask is shown in Figure  4c . No changes in flood extent were observed between the analyzed flood image and the optical scene. The second test case is the Dong Ting Lake, which is the second largest lake in China, located in the Hunan Province ( Figure 4a ). It is a flood-basin of the Yangtze River and thus varies seasonally in size. During the annual floods, it can expand to 2691 km² three times its size compared to the dry season. A flood event in summer 2017 ( Figure 4b ) was chosen. For this study, 38 dual-polarized S-1 scenes were used, which were acquired between October 2016 and February 2018 ( Table 2 ). The scene acquired on June 28, 2017 is characterized by the largest flood extent. In addition, the selection of the analyzed flood image is carried out due to the temporal proximity to the reference data. Comparable to the study area in Greece/Turkey, the generation of the reference flood mask was carried out using a high-resolution optical Sentinel-2 (S-2) image ( Figure 5 ), which was acquired on June 27, 2017 ( Table  2 ). For the derivation of the reference mask, all bands with a resolution of 10 m and their combinations of the S-2 scene were used. The reference extent and the digitalized reference mask is shown in Figure  4c . No changes in flood extent were observed between the analyzed flood image and the optical scene. The second test case is the Dong Ting Lake, which is the second largest lake in China, located in the Hunan Province ( Figure 4a ). It is a flood-basin of the Yangtze River and thus varies seasonally in size. During the annual floods, it can expand to 2691 km 2 three times its size compared to the dry season. A flood event in summer 2017 ( Figure 4b ) was chosen. For this study, 38 dual-polarized S-1 scenes were used, which were acquired between October 2016 and February 2018 ( Table 2 ). The scene acquired on June 28, 2017 is characterized by the largest flood extent. In addition, the selection of the analyzed flood image is carried out due to the temporal proximity to the reference data. Comparable to the study area in Greece/Turkey, the generation of the reference flood mask was carried out using a high-resolution optical Sentinel-2 (S-2) image ( Figure 5 ), which was acquired on June 27, 2017 ( Table 2) . For the derivation of the reference mask, all bands with a resolution of 10 m and their combinations of the S-2 scene were used. The reference extent and the digitalized reference mask is shown in Figure 4c . No changes in flood extent were observed between the analyzed flood image and the optical scene. According to the ESA (European Space Agency) acquisition plan for S-1 constellation, dualpolarized images of the S-1A with an interval of 12 days were available for the study areas and the analyzed acquisition period. These data sets are processed and provided by ESA as Ground Range Detected High Resolution (GRDH) products. According to [8] , an automated preprocessing of the time series data for both areas and both polarizations VV and VH (vertical/horizontal) was carried out in several steps. The characteristics of all used S-1 data are listed in Table 3 . According to the ESA (European Space Agency) acquisition plan for S-1 constellation, dualpolarized images of the S-1A with an interval of 12 days were available for the study areas and the analyzed acquisition period. These data sets are processed and provided by ESA as Ground Range Detected High Resolution (GRDH) products. According to [8] , an automated preprocessing of the time series data for both areas and both polarizations VV and VH (vertical/horizontal) was carried out in several steps. The characteristics of all used S-1 data are listed in Table 3 . According to the ESA (European Space Agency) acquisition plan for S-1 constellation, dual-polarized images of the S-1A with an interval of 12 days were available for the study areas and the analyzed acquisition period. These data sets are processed and provided by ESA as Ground Range Detected High Resolution (GRDH) products. According to [8] , an automated preprocessing of the time series data for both areas and both polarizations VV and VH (vertical/horizontal) was carried out in several steps. The characteristics of all used S-1 data are listed in Table 3 . Table 3 . Characteristics of the S-1 data used. In addition to the satellite data, ancillary information was used to avoid misclassification of the desired flood-related classes [8] in both study areas. Initially, permanent open water (POW) surfaces were identified by the 30 m SRTM Water Body Data (SWBD) [53] . Besides POW, information regarding urban areas and topography was integrated by using the Global Urban Footprint (GUF) and Height Above Nearest Drainage (HAND) index. Urban areas, as well as TFV, are characterized by strong double-and multiple-bounce backscattering effects. Therefore, the GUF [54] mask is used to identify and exclude urban areas. In order to prevent misclassifications in elevated areas, the HAND index [55] was used to identify and exclude areas with an elevation of greater than 20 m above the nearest water network [56] .
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Methodology
The foundation for the analysis of the impact of time series features on the flood extent derivation is the SAR time series approach [8] . This method provides the opportunity to generate flood maps including the classes TOW, TFV and Dry Land (DL) based on different time series features. The main steps of the classification process for the generation of the flood maps are summarized below.
The S-1 time series data presented in Section 2.1 provide a foundation for the generation of two independent multi-temporal layer stacks for each polarization and for each study area via an image preprocessing step. In addition, three further multitemporal stacks are generated, including the combinations of polarization (VV + VH, VV − VH, VV/VH). The ratio between VV and VH was calculated by using linear units, whereby for the elimination of outliers (e.g., due to speckle) only the values within the 5th and 95th percentiles were considered.
Based on findings about characteristics and patterns for TOW and TFV [8] , the time series features were determined using the z-transform of the backscatter values for each pixel over the time series and for the available multi-temporal layer stack. The z-transform allows the normalization of the backscatter values over the time series and ensures that the image elements of the analyzed flood scene are comparable with each other when considering the individual seasonal fluctuation of vegetation. The normalized time series features are termed as Z-Score. In relation to the polarizations, the time series features are Z-Score VV, Z-Score VH, the combination of polarization, Z-Score VV + VH, Z-Score VV − VH and the ratio Z-Score VV/VH, which represent the foundation for the derivation of TOW and TFV [8] . Based on training data, two time series features with the highest contribution for the derivation of the desired classes (TOW and TFV) were identified for each study area by using Random Forest Algorithm. These features were used in the last step of the classification approach.
The classification of the flood-related classes was carried out based on pixels and objects. The K-means clustering algorithm [57] was applied for the generation of clusters using SAR time series data and the analyzed flood image. The resulting multitemporal and spatial cluster images were intersected with each other to combine multi-temporal and spatial information. The time series features, which are based on pixels, were merged with the segmented image by averaging the corresponding values within each object.
The hierarchical thresholding approach is the last step in the classification process chain, which allows a successive derivation of the desired classes based on the image elements (pixels or segments). First of all, the permanent water surfaces are identified by the SWBD mask (see Section 2.1). On the remaining image elements, the TOW, TFV and Dry Land (DL) are then derived consecutively using the relevant time series features. The corresponding thresholds were determined automatically using the decision tree classifier and the above-mentioned training data. For further details and an in-depth explanation see [8] . The implementation of the entire approach was done in Python. The quantification of the classification accuracy of TOW, TFV, and DL was carried out using overall accuracy (OA), producer accuracy (PA), user accuracy (UA), and kappa index (K).
In order to investigate the impact of time series features for the derivation of TFV and to show the potential of time series features for the transferability to different study areas and thus for the operational use, a statistical comparison of the classification accuracies based on different study areas and TFV types was performed. Thereby, a single time series feature was searched for, which allows the extraction of different types of TFV with high accuracy for all study areas. Besides the study areas described in Section 2.1, the study area in Namibia, which was analyzed in Tsyganskaya et al., [8] , was also used for the investigation.
In order to identify a single time series feature, which can then be used for all study areas, the mean value and the coefficient of variation (CV) were determined based on user accuracy (UA) and producer accuracy (PA) for each time series feature. The mean value represents the total accuracy for the TFV classification of all study areas and for each time series feature. The higher the mean value, the more relevant is the time series feature for all study areas. In addition, the CV was used to quantify the variance of the data relative to the mean. The variance of the values is particularly relevant with regard to the outliers in UA and PA. The lower the CV, the lower the distance/scatter between the classification accuracies of the study areas for a time series feature and the more relevant is a time series feature for all study areas and thus for their transferability. Thus, the two statistical quantities allow the comparison between the classification results and the time series features for all study areas simultaneously.
Results and Discussion
Level of Contribution of the Time Series Features
Based on the knowledge about the characteristics and patterns of the time series data for the two polarizations and their combinations, time series features were derived [8] . Using training data for each of the study areas, those features were examined for their relevance to the extraction of the desired classes, TOW and TFV. For this purpose, similarly large training data sets were derived from optical images for the three classes TOW, TFV, and DL and for each of the study areas. Using Random Forest Algorithm, it was identified which time series features provide the highest contribution to the classification results and are, therefore, most relevant for the derivation of flood-related classes. Furthermore, it was examined whether a single time series feature or a combination of time series features enables the highest classification accuracy for the two desired classes. As a result, redundant information can be sorted out and the information required for classification identified. Tables 4 and 5 show the level of contribution of the analyzed time series features for the derivation of the above-mentioned classes and the three study areas. Z-Score VV + VH represents the time series feature with the highest contribution for TOW for all study areas ( Table 5 ). This can be explained by the fact that for both VV and VH polarizations the backscatter values decrease at the analyzed date of the flood [8] . An example of the backscatter value decrease in VV and VH is shown in Figure 6 , which was created for a TOW segment from the validation data. Z-Score VV + VH combines both sources of information, whereby the decrease of the backscatter values is intensified. Figure 2b Figure 6 serving as a comparison to the SAR time series data. NDVI values were derived from the LANSAT 8 data sets. Despite the cloud-related data gap for 2014, the beginning of 2015 and the beginning of 2016, a strong decrease in the NDVI values for the analyzed date of the flood event can be observed. In combination with the decrease of the backscatter values, this confirms the occurrence of water at the analyzed date. For the classification of TFV, different time series features with the highest contribution or relevance can be identified for the individual study areas. The differences can be attributed to the different types of vegetation and the different environmental conditions in the study areas. For the study area in southern Greece/Turkey, the Z-Score VV − VH is the most relevant time series feature for the derivation of TFV (Table 5 ). This can be explained by the strong difference between the polarizations VV and VH (Figure 7) . Thereby, VV polarization shows a strong increase at the flood date compared to the rest of the time series and VH polarization shows low or almost no increase at the flood date. [5, 58, 59] . As a result, it is reported that the increase of the backscatter values by TFV can be more reliably detectable by co-polarized data than by cross-polarized data [60] . However, the combination of co-and cross-polarized data can improve the identification of TFV [26] . The NDVI values in Figure  7 confirm that the increase in VV polarization was not caused by seasonal or other changes in vegetation, but is flood-related, as no sudden increase in NDVI values could be identified at the flood date. For the study area in northern Greece/Turkey, Z-Score VV is the most relevant feature ( Table 5 ). As previously mentioned in Section 2.1, this study area is dominated by deciduous forest (Figure 2a ), which was under leaf-on conditions at the date of the flood. It should be noted that the penetration of the forest canopy may be restricted by C-band and environmental parameters (e.g., aboveground biomass) [61, 62] . Yu and Satschi [63] reported that the SAR backscatter values increase depending on the biomass and that the soil signal can no longer be detected if a certain degree of saturation has been reached. Thereby, the volume scattering from the canopy completely superimposes the contribution of the double bounce effects from the interaction between the water surface and vertical vegetation structure and TFV can no longer be identified. Therefore, there is hardly any signal difference between VV and VH at the flood date (Figure 8 ), which is confirmed by the low importance of Z-Score VV − VH. Compared to that the small increase in importance of the VV/VH can be explained by a small proportion of TFV in the forested areas due to limited penetration into the forest crown, as described above. In the case of northern Greece/Turkey the importance increases, because the outliers were eliminated by using the Z-Score VV/VH feature. For southern Greece/Turkey on the contrary, using the Z-Score VV/VH the outlier reduction caused also an elimination of extreme values The different behavior of both polarizations can be explained by the different sensitivity of VV and VH to specific backscattering mechanisms, which caused an increased difference in the backscatter values between the two polarizations at the analyzed date of the flood. In comparison, the difference between the polarizations for the dry dates shows a smaller variability. The different sensitivity is on the one hand due to the fact that the double-bounce effect occurs more strongly in the VV polarization and leads to the backscatter. On the other hand, backscatter is in general lower for cross-polarization (HV or VH), as no ideal corner reflectors can be produced due to their depolarizing properties [5, 58, 59] . As a result, it is reported that the increase of the backscatter values by TFV can be more reliably detectable by co-polarized data than by cross-polarized data [60] . However, the combination of co-and cross-polarized data can improve the identification of TFV [26] . The NDVI values in Figure 7 confirm that the increase in VV polarization was not caused by seasonal or other changes in vegetation, but is flood-related, as no sudden increase in NDVI values could be identified at the flood date.
For the study area in northern Greece/Turkey, Z-Score VV is the most relevant feature ( Table 5 ). As previously mentioned in Section 2.1, this study area is dominated by deciduous forest (Figure 2a ), which was under leaf-on conditions at the date of the flood. It should be noted that the penetration of the forest canopy may be restricted by C-band and environmental parameters (e.g., aboveground biomass) [61, 62] . Yu and Satschi [63] reported that the SAR backscatter values increase depending on the biomass and that the soil signal can no longer be detected if a certain degree of saturation has been reached. Thereby, the volume scattering from the canopy completely superimposes the contribution of the double bounce effects from the interaction between the water surface and vertical vegetation structure and TFV can no longer be identified. Therefore, there is hardly any signal difference between VV and VH at the flood date (Figure 8 ), which is confirmed by the low importance of Z-Score VV − VH. Compared to that the small increase in importance of the VV/VH can be explained by a small proportion of TFV in the forested areas due to limited penetration into the forest crown, as described above. In the case of northern Greece/Turkey the importance increases, because the outliers were eliminated by using the Z-Score VV/VH feature. For southern Greece/Turkey on the contrary, using the Z-Score VV/VH the outlier reduction caused also an elimination of extreme values caused by TFV. This led to a drop of the importance in VV/VH in comparison to the Z-Score VV − VH. Regarding the most relevant time series feature Z-Score VV for the northern Greece/Turkey study area, it is assumed that the backscatter in VV polarization is dominated by the contribution of the forest canopy and moreover the volume scattering represents the main scattering mechanism. Due to the sensitivity of the VV polarization for the double bounce effect, however, a slight increase in the backscattering values at the flood date was detected, which can indicate TFV (Figure 8 ). The NDVI values were derived from the LANDSAT 8 data and show that the slight increase of the backscatter values in both polarizations at the date of flood can be attributed to the flood event and not to any change in vegetation.
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Based on a previous analysis in Tsyganskaya et al., [8] , the time series feature with the highest contribution can achieve a higher classification accuracy compared to the combination of all time series features. Therefore, a single time series feature with the highest contribution was used for the classification for deriving the desired classes. This identification step is performed automatically by Since the TFV type is high grassland and reed (Figure 5b ) [64] , which is similar to the structure of some crops (rice, wheat), it is assumed that the vegetation can be penetrated by the C-band data [10, 65] . Therefore, it is expected that the increase in backscatter values will occur at the time of the flood in the VV polarization due to their sensitivity to the double impact effect. However, the increase in VH polarization cannot be confirmed by the depolarizing property mentioned above. Instead, the latter increase is a result of the combination of environmental parameters. The contribution of the soil under the vegetation plays a decisive role in this process. Due to of possible unevenness of the soil (microtopography) and the low water level, it is possible that a part of the soil surface beneath the vegetation was only partially flooded. In the flood-free areas underneath the vegetation, the soil moisture may have increased at the date of the flood compared to non-flooded conditions. Simultaneously, water could have accumulated in the sinks, which could also lead to standing water beneath vegetation in the same region. Due to different sensitivities of VV and VH to the respective conditions, the latter can dominate the respective polarization. The analyses from the literature confirm that an increase in soil moisture in both VV and VH causes an increase in the backscatter values and can be detected by the sensor depending on the biomass amount [66, 67] . The TFV, which is represented by the double-bounce effect, can only be detected by VV polarization, as the depolarizing property of VH polarization does not allow sensitivity to double-bounce [68] . The mixture of these two cases by micro topographical differences explains the increase not only of backscatter values for VV, but also for VH and, thus, the relevance of Z-Score VV + VH for the derivation of TFV in the study area of China.
A comparison of the relevant time series features with the results of the study of Tsyganskaya et al., [8] shows that for the class TOW, Z-Score VV + VH is also one of the time series features with the highest contribution. For TFV, the most relevant time series characteristic (Z-Score VV − VH) is confirmed only for the study area in the southern area of interest of Greece/Turkey. In the other two example areas, the algorithm determined different relevant time series features due to different environmental conditions (e.g., vegetation type, topography, soil moisture) and their interaction.
Based on a previous analysis in Tsyganskaya et al., [8] , the time series feature with the highest contribution can achieve a higher classification accuracy compared to the combination of all time series features. Therefore, a single time series feature with the highest contribution was used for the classification for deriving the desired classes. This identification step is performed automatically by the algorithm using training data. Moreover, these examples show that the use of both polarizations is relevant for the derivation of flooded areas.
Classification Results
The classification of the study area in southern Greece/Turkey was carried out based on the S-1 time series stack (October 19, 2014-December 25, 2016) containing the flood image (April 4, 2015) . This classification was validated using the S-2-based reference mask (April 5, 2015) . Figure 10a shows the pixel-based classification result of the time series approach, which comprises the classes POW, TOW, TFV, and DL, while Figure 10b shows the object-based classification result. For visual comparison, the validation mask is shown in Figure 1d . It is noticeable that the areas of the classes TOW, TFV, and DL contain more small structures of the other classes in the pixel-based classification compared to the object-based classification. The usage of objects reduces this noise; however, it also can lead to the loss of details and thus information. In general, the use of pixel-or object-based classification depends strongly on the kind of the landscape under investigation. In the case of flooding in vegetated areas, a single, isolated pixel could contain water ponds and so differ from its neighboring pixels. Due to limited visibility in optical data, these areas could not be identified during the generation of the validation mask. 
The classification of the study area in southern Greece/Turkey was carried out based on the S-1 time series stack (October 19, 2014-December 25, 2016) containing the flood image (April 4, 2015) . This classification was validated using the S-2-based reference mask (April 5, 2015) . Figure 10a shows the pixel-based classification result of the time series approach, which comprises the classes POW, TOW, TFV, and DL, while Figure 10b shows the object-based classification result. For visual comparison, the validation mask is shown in Figure 1d . It is noticeable that the areas of the classes TOW, TFV, and DL contain more small structures of the other classes in the pixel-based classification compared to the object-based classification. The usage of objects reduces this noise; however, it also can lead to the loss of details and thus information. In general, the use of pixel-or object-based classification depends strongly on the kind of the landscape under investigation. In the case of flooding in vegetated areas, a single, isolated pixel could contain water ponds and so differ from its neighboring pixels. Due to limited visibility in optical data, these areas could not be identified during the generation of the validation mask. Figure 11a shows the pixel-based classification result for the study area of northern Greece/Turkey, which comprises the classes POW, TOW, TFV, and DL, while Figure 11b shows the object-based classification result. Compared to the validation mask (Figure 1c ), both pixel-and object-based classification show only a low representativity of the class TFV. This can be explained by the low penetration of the vegetation (deciduous forest (Figure 2a) ) by the C-band data, which is reduced in this case [8] . In addition, occasional TFV areas in the classification can be identified in DL of the validation mask, especially in the pixel-based classification. These could be small areas of water (ponds or temporary water accumulations). In combination with vertical structures of the agricultural areas or grassland, the double bounce effect can also be produced resulting in an increase in the backscatter values at the date of the flood. These areas were also classified as TFV, though they could not, however, be identified during the generation of the validation mask due to limited visibility in optical data.
The classification for the study area in China was performed using the S-1 time series stack (October 19, 2016-February 23, 2018). The analyzed date of the flood is June 28, 2017. The validation for this classification was performed using the S-2-based reference mask (June 27, 2017). Figures 12a,  b show the pixel-and object-based classification results with POW, TOW, TFV, and DL classes. The validation mask used is shown in Figure 4c .
The comparison between the classification results and the validation mask reveals the occurrence of TOW in DL. DL also occurs between the permanent water surfaces and the TOW areas. Figure 11a shows the pixel-based classification result for the study area of northern Greece/Turkey, which comprises the classes POW, TOW, TFV, and DL, while Figure 11b shows the object-based classification result. Compared to the validation mask (Figure 1c ), both pixel-and object-based classification show only a low representativity of the class TFV. This can be explained by the low penetration of the vegetation (deciduous forest (Figure 2a) ) by the C-band data, which is reduced in this case [8] . In addition, occasional TFV areas in the classification can be identified in DL of the validation mask, especially in the pixel-based classification. These could be small areas of water (ponds or temporary water accumulations). In combination with vertical structures of the agricultural areas or grassland, the double bounce effect can also be produced resulting in an increase in the backscatter values at the date of the flood. These areas were also classified as TFV, though they could not, however, be identified during the generation of the validation mask due to limited visibility in optical data.
This can cause a higher fluctuation range and a lower mean value when generating the time series features, which in particular can lead to confusion with DL, as the areas between permanent water and TOW demonstrate. The combination of these two conditions makes the above-mentioned confusions between the classes possible. Therefore, the use of a time series with at least one vegetation cycle is recommended, as the statistical range of the backscatter values of the vegetation stages is detected and thus sufficiently represented [8] . The accuracy values for the pixel-based and object-based classifications for the respective study areas are shown in Table 6 . The OA for all study areas ranges between 80% and 87%. In comparison, in [8] the authors achieved a similar or even slightly lower OA for the pixel-based (75%) and objectbased (82%) classification. The accuracy assessment for the study area in northern Greece/Turkey shows high values for the TOW class but strong misclassifications for TFV (PA: 28% for pixel-based and 6% for object-based) and DL (UA: 57% for pixel-based and 53% for object-based). This indicates a significant confusion between these two classes and can be explained by different environmental conditions (see Section 3.1). The accuracy values show no significant difference between pixel-based and object-based classification, except for the PA values of TFV. When applying object-based classification, it should be noted that the small-scale flood areas could be generalized by merging the The classification for the study area in China was performed using the S-1 time series stack (October 19, 2016-February 23, 2018). The analyzed date of the flood is June 28, 2017. The validation for this classification was performed using the S-2-based reference mask (June 27, 2017). Figure 12a , b show the pixel-and object-based classification results with POW, TOW, TFV, and DL classes. The validation mask used is shown in Figure 4c . This can cause a higher fluctuation range and a lower mean value when generating the time series features, which in particular can lead to confusion with DL, as the areas between permanent water and TOW demonstrate. The combination of these two conditions makes the above-mentioned confusions between the classes possible. Therefore, the use of a time series with at least one vegetation cycle is recommended, as the statistical range of the backscatter values of the vegetation stages is detected and thus sufficiently represented [8] . The accuracy values for the pixel-based and object-based classifications for the respective study areas are shown in Table 6 . The OA for all study areas ranges between 80% and 87%. In comparison, in [8] the authors achieved a similar or even slightly lower OA for the pixel-based (75%) and objectbased (82%) classification. The accuracy assessment for the study area in northern Greece/Turkey shows high values for the TOW class but strong misclassifications for TFV (PA: 28% for pixel-based and 6% for object-based) and DL (UA: 57% for pixel-based and 53% for object-based). This indicates a significant confusion between these two classes and can be explained by different environmental conditions (see Section 3.1). The accuracy values show no significant difference between pixel-based and object-based classification, except for the PA values of TFV. When applying object-based classification, it should be noted that the small-scale flood areas could be generalized by merging the The comparison between the classification results and the validation mask reveals the occurrence of TOW in DL. DL also occurs between the permanent water surfaces and the TOW areas. On the one hand, the confusion between these two classes can arise due to small areas of water occurring in the agricultural areas. On the other hand, the duration of a flood event can lead to an accumulation of S-1 images, containing the inundation and a decrease of images without flooding. This can cause a higher fluctuation range and a lower mean value when generating the time series features, which in particular can lead to confusion with DL, as the areas between permanent water and TOW demonstrate. The combination of these two conditions makes the above-mentioned confusions between the classes possible. Therefore, the use of a time series with at least one vegetation cycle is recommended, as the statistical range of the backscatter values of the vegetation stages is detected and thus sufficiently represented [8] .
The accuracy values for the pixel-based and object-based classifications for the respective study areas are shown in Table 6 . The OA for all study areas ranges between 80% and 87%. In comparison, in [8] the authors achieved a similar or even slightly lower OA for the pixel-based (75%) and object-based (82%) classification. The accuracy assessment for the study area in northern Greece/Turkey shows high values for the TOW class but strong misclassifications for TFV (PA: 28% for pixel-based and 6% for object-based) and DL (UA: 57% for pixel-based and 53% for object-based). This indicates a significant confusion between these two classes and can be explained by different environmental conditions (see Section 3.1). The accuracy values show no significant difference between pixel-based and object-based classification, except for the PA values of TFV. When applying object-based classification, it should be noted that the small-scale flood areas could be generalized by merging the pixels to objects. However, object-based classification can help to exclude pixels which can be confused with a flood-related increase in values due to dominant environmental conditions, such as soil moisture, topography, or surface roughness, which can cause a small-scale increase or decrease in the backscatter. In addition, objects are less susceptible to speckle noise than pixels [29] . 
Time Series Features-Transferability Analysis
For the transferability analysis of the classification approach, several pixel-based and object-based classification runs were carried out for each study area and its subareas using the individual time series features. For each run, the most relevant time series feature (Z-Score VV + VH) was used for the derivation of TOW (Section 3.1). Simultaneously, each time series feature was used in each study area to derive the TFV, so that 20 pixel-based and 20 object-based classification products could be generated. For each result, an accuracy assessment was performed. Since the analysis of the different time series features refers to the TFV, the PA and UA of TFV were selected as indicators to represent the classification accuracy of the TFV. The accuracy values PA and UA for the individual study areas and the five analyzed time series features for pixel-based classification are shown in Table 7 and for object-based classification in Table 8 . The relevant time series features that were identified by the Random Forest Algorithm (Section 3.1) are highlighted in dark green for the respective study areas for the PA and UA values. These tables show that different time series features are relevant for the individual study areas. The low PA values seen for northern Greece in both tables can be explained by the specific TFV type that dominates this study area, namely flooded forest areas. In this case, the penetration of the forest crown is limited by C-band data, whereby the water under the vegetation can only be partially detected. As described in the methodology, two quantities, mean value and CV, were derived based on the UA and PA values to provide a foundation for the identification of a single robust time series feature for the derivation of TFV types and for all study areas. If a time series feature reaches a high mean value compared to other time series features and shows at the same time the smallest CV, it is relevant for all study areas. Considering Tables 7 and 8, it is not apparent which time series feature would be suitable since the two statistical variables achieve the optimum at different time series features (highlighted in light green). The Z-Score VV shows the highest mean value (77.54%) for pixel-based classification and (75.57%) for object-based classification compared to other time series features, but Z-Score VV/VH shows the lowest CV value (0.18) for pixel-based and (0.19) for object-based.
For a distinct identification of the most relevant time series feature, the two statistical variables have to be considered simultaneously. In Figure 13 , the two quantities are plotted on two different axes. The larger the mean value and the smaller the CV, the more suitable is a time series feature for the extraction of TFV for all study areas. The lower right corner of the diagram is thus the point that represents the optimum between both statistical quantities. The closer a time series feature lies to this optimum, the more relevant is the time series feature for all study areas. Compared to other time series features, Z-Score VV is the shortest regarding the distance between the optimum and the time series feature for pixel-based classification (Figure 13 ). Thus, this time series feature seems to be the most relevant for the operational derivation of the class TFV, when using pixels as a foundation. The relevance of Z-Score VV is due to the fact that VV polarization is more influenced by the double-bounce effect indicating the presence of TFV. In comparison, VH is more influenced by different environment conditions and may change for different TFV types and study areas (Section 3.1). The distances of the Z-Score VV/VH to the optimal point differ from the distance between the Z-Score VV and optimal point only slightly. This shows that VH polarization also has an influence on the classification results and can be important in combination with VV polarization provided that the environmental conditions in the analyzed study area are known and characterized.
This relevance is also shown in Figure 14 , where the relevant feature based on objects is the Z-Score VV/VH, which contains both polarizations. Based on the findings in Section 3.1, which show that the increase in the VV time series at the date of the flood for TFV is more significant compared to the VH time series because the VH signal is influenced more by environmental conditions than by TFV, the Z-Score VV feature based on pixel elements is recommended for operational use. In addition, the mean value of UA and PA for the pixel-based classification for the Z-Score VV time series feature is highest (77.54%) compared to all other mean values of UA and PA. The combination of Z-Score VV + VH and Z-Score VV/VH based on pixel elements is recommended for operative use for extraction of the TOW and TFV, respectively. When no feature importance has to be calculated during the classification and the pre-processing of the S-1 data [8] has already taken place, the classification process takes between 1 and 5 minutes, depending on the available computing performance and the extent of the study area. The maximum extent that was analyzed is one-third of S-1 GRD images. By specifying the time series features the user, interaction is omitted and apart from the initialization of the algorithm the classification can be performed automatically. For the optimization and extension of the approach regarding different TFV types, further research in other study areas will be beneficial. Compared to other time series features, Z-Score VV is the shortest regarding the distance between the optimum and the time series feature for pixel-based classification (Figure 13 ). Thus, this time series feature seems to be the most relevant for the operational derivation of the class TFV, when using pixels as a foundation. The relevance of Z-Score VV is due to the fact that VV polarization is more influenced by the double-bounce effect indicating the presence of TFV. In comparison, VH is more influenced by different environment conditions and may change for different TFV types and study areas (Section 3.1). The distances of the Z-Score VV/VH to the optimal point differ from the distance between the Z-Score VV and optimal point only slightly. This shows that VH polarization also has an influence on the classification results and can be important in combination with VV polarization provided that the environmental conditions in the analyzed study area are known and characterized.
This relevance is also shown in Figure 14 , where the relevant feature based on objects is the Z-Score VV/VH, which contains both polarizations. Based on the findings in Section 3.1, which show that the increase in the VV time series at the date of the flood for TFV is more significant compared to the VH time series because the VH signal is influenced more by environmental conditions than by TFV, the Z-Score VV feature based on pixel elements is recommended for operational use. In addition, the mean value of UA and PA for the pixel-based classification for the Z-Score VV time series feature is highest (77.54%) compared to all other mean values of UA and PA. The combination of Z-Score VV + VH and Z-Score VV/VH based on pixel elements is recommended for operative use for extraction of the TOW and TFV, respectively. When no feature importance has to be calculated during the classification and the pre-processing of the S-1 data [8] has already taken place, the classification process takes between 1 and 5 minutes, depending on the available computing performance and the extent of the study area. The maximum extent that was analyzed is one-third of S-1 GRD images. By specifying the time series features the user, interaction is omitted and apart from the initialization of the algorithm the classification can be performed automatically. For the optimization and extension of the approach regarding different TFV types, further research in other study areas will be beneficial. 
Conclusion
The results of the study areas in northern and southern Greece/Turkey and in China show the potential of the method presented in Tsyganskaya et al., [8] using S-1 time series data to extract the total flood extent considering both temporary open water (TOW) and temporary flooded vegetation (TFV). In particular, different types of TFV were analyzed. The individual flood extent was determined by time series features, which represent the characteristics of both classes.
This study confirms the results of the study of Tsyganskaya et al., [8] , showing that the Z-Score VV+VH, which was derived based on the characteristics mentioned above, is the most relevant time series feature for the extraction of the TOW areas in all study areas. For the derivation of TFV, three different time series features were determined by the algorithm for individual study areas. This can be explained by the complex structure of the vegetation, the various analyzed vegetation types, and the dependency of the TFV on environmental conditions (e.g., vegetation type, soil moisture, topography), which differ in all study areas. Nevertheless, in the results for all study areas OA values reached between 80% and 87%, which were slightly higher even compared to the results in [8] . For the study area in northern Greece, the TFV areas could only partially be derived based on the C-band data due to the presence of forested vegetation, which reduces the penetration of the SAR signal. In both other study areas, TFV in high grassland/reed was successfully classified.
The potential of the time series approach for transferability as a prerequisite for operational use was analyzed by comparing time series features with respect to their suitability for the derivation of TFV for all study areas simultaneously. For the comparison, statistical quantities were derived from the classification accuracies PA and UA of the TFV. For TFV, Z-Score VV, or Z-Score VV/VH appear to be the most relevant time series feature for pixel-based and object-based classification, respectively. Nevertheless, Z-Score VV is recommended for operational use based on pixel elements for the extraction of TFV as this allows improved differentiation to non-flood dates due to the more significant increase in the VV time series for TFV at the date of the flood compared to the VH time series. The Z-Score VV + VH is recommended for the extraction of TOW surfaces, because of the unanimity regarding the feature importance calculation for all study areas (Section 3.1). Since the time series features have been defined and no feature importance needs to be calculated, the user interaction is reduced to the initialization of the classification process and the computation time decreases. 
Conclusions
The potential of the time series approach for transferability as a prerequisite for operational use was analyzed by comparing time series features with respect to their suitability for the derivation of TFV for all study areas simultaneously. For the comparison, statistical quantities were derived from the classification accuracies PA and UA of the TFV. For TFV, Z-Score VV, or Z-Score VV/VH appear to be the most relevant time series feature for pixel-based and object-based classification, respectively. Nevertheless, Z-Score VV is recommended for operational use based on pixel elements for the extraction of TFV as this allows improved differentiation to non-flood dates due to the more significant increase in the VV time series for TFV at the date of the flood compared to the VH time series. The Z-Score VV + VH is recommended for the extraction of TOW surfaces, because of the unanimity regarding the feature importance calculation for all study areas (Section 3.1). Since the time series features have been defined and no feature importance needs to be calculated, the user interaction is reduced to the initialization of the classification process and the computation time decreases.
